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Abstract: Biomass burning is a global phenomenon and systematic burned area mapping is of
increasing importance for science and applications. With high spatial resolution and novelty in band
design, the recently launched Sentinel-2A satellite provides a new opportunity for moderate spatial
resolution burned area mapping. This study examines the performance of the Sentinel-2A Multi
Spectral Instrument (MSI) bands and derived spectral indices to differentiate between unburned
and burned areas. For this purpose, five pairs of pre-fire and post-fire top of atmosphere (TOA
reflectance) and atmospherically corrected (surface reflectance) images were studied. The pixel values
of locations that were unburned in the first image and burned in the second image, as well as the
values of locations that were unburned in both images which served as a control, were compared
and the discrimination of individual bands and spectral indices were evaluated using parametric
(transformed divergence) and non-parametric (decision tree) approaches. Based on the results, the
most suitable MSI bands to detect burned areas are the 20 m near-infrared, short wave infrared and
red-edge bands, while the performance of the spectral indices varied with location. The atmospheric
correction only significantly influenced the separability of the visible wavelength bands. The results
provide insights that are useful for developing Sentinel-2 burned area mapping algorithms.
Keywords: Sentinel-2; fire; burned area; separability analysis
1. Introduction
Satellite data have been used to systematically monitor fire globally at coarse spatial resolution,
using algorithms that detect the location of active fires at the time of satellite overpass, and using
burned area mapping algorithms that map the spatial extent of the areas affected by fires [1–7]. There
is a need for moderate spatial resolution burned area products at regional to global scale that to
date has only been partially met [8]. The launch of Sentinel-2A and the forthcoming launch of the
Sentinel-2B satellite that carry the Multi Spectral Instrument (MSI) [9] provide the opportunity for
moderate spatial resolution burned area mapping. Combined, the Sentinel-2A and -2B systems will
provide multi-spectral global coverage up to every 5 days. The MSI has 13 spectral bands ranging
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from 0.433 µm to 2.19 µm; four 10 m visible and near-infrared bands, six 20 m red edge, near-infrared
(NIR) and short wave infrared (SWIR) bands, and three 60 m bands for characterizing aerosols,
water vapor and cirrus clouds [9]. The MSI bands are similar to the Landsat-8, SPOT-6 and SPOT-7
bands and so include wavelengths that are suitable for burned area discrimination. Burned areas are
characterized by deposits of charcoal and ash, and also by the removal of vegetation and alteration of
the vegetation structure that sometimes reveal the vegetation understory and/or soil [10–12]. The fire
behavior controls the severity of fire effects including the degree and parts of the vegetation structure
that burned, the amount of charcoal and ash deposition, the combustion completeness, and the
size and spatial distribution of the burning [13,14]. The persistence of the charcoal and ash signal
depends on rates of dissipation by wind and rain and may be controlled by the unburned fuel load
and structure [15,16]. Post-fire the vegetation may regrow, at rates dependent on the site primary
productivity and environmental factors and have a phenological signal that complicates burned area
detection [17–20]. Consequently, the reflectance over a burned area may have considerable variation in
space and time as the spectral characteristics of unburned and burned areas change.
In general, NIR and shortwave-infrared wavelengths have been found to provide stronger burned
area discrimination than visible wavelengths, and most burned area mapping algorithms are based on
detecting decreased reflectance at these wavelengths. However, in some cases reflectance can increase
due to the exposure of highly reflective soil and white ash deposition [12,21,22]. In addition, some
surface changes not associated with fire, such as shadows or agricultural harvesting, may induce similar
spectral changes and depending on the algorithm and wavelengths used may cause false burned area
detection [2,23]. Visible wavelengths are not generally suitable for burned area detection because they
are more sensitive to atmospheric contamination than longer wavelength bands and in particular are
sensitive to smoke aerosols that are difficult to atmospherically correct [24,25]. A large number of
researchers have used spectral indices to map burned areas. Ideally, if a spectral index is appropriate
to detect the physical change of interest, then there is a simple relationship between the change
and the direction of the change displacement in spectral feature space [26]. However, burned area
spectral indices have often been designed quite empirically, for example, by considering every possible
combination of bands and a variety of non-linear band transformations [27–31]. Although spectral
indices may produce good burned area discrimination for a particular location and time they may not
perform well elsewhere. Commonly, indices based on spectral band ratios, usually of NIR and SWIR
wavelengths that are less sensitive to atmospheric contamination, are used. The ratio formulation
reduces first order bi-directional reflectance and solar zenith induced reflectance variations [32].
Notably, the normalized burn ratio (NBR), computed as the difference between NIR and SWIR
reflectance divided by their sum has been used widely for burned area mapping [33–36].
The purpose of this research is to investigate which Sentinel-2A MSI bands provide greater burned
area discrimination. Pairs of largely cloud-free Sentinel-2A images, which were sensed 10 or 20 days
apart were selected before and after visually identified fire events that produced evident burned areas
at sites in tropical, sub-tropical, and boreal regions are examined. Both top of atmosphere and surface
reflectance MSI data are examined. Parametric and non-parametric statistical techniques are used to
quantify the spectral burned to unburned separability for different MSI bands and a select number of
spectral indices.
2. Data and Pre-Processing
2.1. Sentinel-2 Images
Sentinel-2A MSI data are acquired in an approximately 290 km swath (20.6◦ field of view from an
altitude of 786 km) with global coverage every 10 days [9]. The data are available as geolocated L1C
top of atmosphere (TOA) products defined by splitting each MSI swath into fixed 109 × 109 km2 tiles
in the Universal Transverse Mercator (UTM) map projection. Pairs of predominantly cloud free L1C
images acquired before and after major fire events were selected by comparison of the Sentinel-2A data
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archive with the global daily Moderate Resolution Imaging Spectroradiometer (MODIS) 1 km active
fire detection (MODIS Near Real-time Collection 6) available in the Fire Information for Resource
Management System (FIRMS) web system [37]. Due to the sometimes rapid change in post-fire
reflectance, attempts were made to ensure that only pairs of Sentinel-2 images acquired within the
shortest interval, i.e., 10 days, apart were selected. However, this was not always possible due to cloud
obscuration and Sentinel-2 data unavailability.
Pairs of images at five sites located in the Northern Territory, Australia; S.E Cambodia close to the
Vietnam border; over the recent Fort McMurray fire in Alberta, Canada; in central Guinea; and in north
central Colombia, were selected. The sites are in tropical, sub-tropical and boreal regions. No temperate
sites were available because the first Sentinel-2A data became publicly available in November 2015,
which was after the end of the main global temperate fire seasons [38]. The predominant land cover,
as defined by the 2013 Collection 5.1 MODIS 500 m land cover product [39], over each site where
unburned and burned pixels were analyzed is summarized in Table 1.
Table 1. Sentinel-2A Multi Spectral Instrument (MSI) L1C tile data used.
Site Location L1C Tile ID AcquisitionDate 1
Acquisition
Date 2
Predominant
Vegetation Type
Australia, Northern Territory, near Fish
River Block Gorge National Park 52LFK 10 April 2016 30 April 2016 Savannas
Cambodia, Kratié region, near Snoul 48PXU 7 January 2016 17 January 2016 Woody savannas
Canada, Alberta, Fort McMurray 12VVH 2 May 2016 12 May 2016 Evergreen needle leafforest & Mixed forests
Guinea, Faranah Prefecture,
Parc National du Haut Niger 29PLM 15 March 2016 25 March 2016 Woody savannas
Colombia, Casanare Department,
northern side of the Rio Cravo Sur river 18NZL 17 January 2016 6 Feburary 2016 Savannas & Grassland
2.2. Sentinel-2 Image Pre-Processing
The Sentinel-2 L1C tiles have a complex structure. In particular, L1C tiles from the same MSI
swath overlap spatially and a significant proportion may be defined in different UTM zones, i.e., in
separate map projections, making reprojection and resampling of the data quite complicated [40,41].
However, in this study, only pairs of Sentinel-2A images sensed over the same L1C tile location were
used, so no reprojection was necessary. The pixels for each image pair aligned within the Sentinel-2A
geolocation performance specification of 12.5 m (3σ) [42].
The L1C products are provided as TOA reflectance. Atmospheric correction from TOA to surface
reflectance is usually considered as a requirement for change detection applications [43]. The impact of
the atmosphere is variable in space and time, and is dependent not just on the atmospheric constituents,
but also on the surface reflectance. This is because multiple scattering of reflected radiation between
the surface and the atmosphere introduces a dependency between the surface reflectance and the
atmospheric contribution to the TOA reflectance [44,45]. Consequently, atmospheric correction of
the data was undertaken as both the atmosphere and the surface changes between the Sentinel-2A
acquisition dates. Simple image-wide atmospheric correction methods, such as the dark-object
subtraction (DOS) method [46], are inappropriate for this study as smoke aerosols and pyrogenic
emissions may be quite dynamic and spatially heterogeneous [24]. Consequently, the data were
atmospherically corrected to surface reflectance using the recent radiative transfer based SEN2COR
atmospheric correction software (Version 2.2.1, released 4 May 2016) run using the default parameter
settings [47]. The SEN2COR code also produces a 20 m cloud product that was used qualitatively to
help screen cloudy pixels. To date, no quantitative validation of the SEN2COR atmospheric correction
and cloud mask product has been published. The Sentinel-2 has a 20.6◦ field of view (FOV) and so
bi-directional reflectance effects (due to viewing and solar geometry variations and surface reflectance
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anisotropy), which are present in similar spatial resolution and smaller field of view SPOT [48] and
Landsat [49] data are likely to be present. However, bi-directional reflectance effects were not corrected
for in this study.
2.3. Study Spectral Bands and Indices
The Sentinel-2A MSI has 13 spectral bands covering the spectral range 440–2180 nm, with 10 m,
20 m and 60 m pixels (Table 2). In this study the three 60 m bands (b01, b09 and b10) were not used
due to their coarse spatial resolution and because they are specific to atmospheric characterization and
not land surface monitoring. The remaining ten bands were selected for the analysis.
Table 2. Spectral and spatial resolution of the Sentinel 2A MSI bands (* denotes bands not considered
in study.).
Sentinel-2 MSI Bands Spatial Resolution(m)
Central Wavelength
(nm)
Band Width
(nm)
Band 1: Coastal Aerosol (b01) * 60 443 20
Band 2: Blue (b02) 10 490 65
Band 3: Green (b03) 10 560 35
Band 4: Red (b04) 10 665 30
Band 5: Vegetation Red Edge (b05) 20 705 15
Band 6: Vegetation Red Edge (b06) 20 740 15
Band 7: NIR (b07) 20 783 20
Band 8: NIR (b08) 10 842 115
Band 8A: NIR (b8a) 20 865 20
Band 9: Water Vapor (b09) * 60 945 20
Band 10: SWIR Cirrus (b10) * 60 1375 30
Band 11: SWIR (b11) 20 1610 90
Band 12: SWIR (b12) 20 2190 180
In addition, six spectral indices were considered (Table 3). The indices were based on the
conventional normalized vegetation index (NDVI) that is computed as the difference between NIR
and red reflectance divided by their sum, and the normalized burn ratio (NBR) that is computed as the
difference between NIR and SWIR reflectance divided by their sum. Four NDVI variants derived at
10 m and at 20 m using the four different possible combinations and spatial resolutions of the red, red
edge, and NIR bands were considered. Similarly, two NBR variants derived at 20 m using the 20 m
NIR band and the two 20 m SWIR bands were considered.
Table 3. Spectral indices (denoted by the two bands used) considered in this study.
Spectral Index Spatial Resolution (m) Formulation
Normalized Difference Vegetation Index (8/4) 10 (b08− b04) / (b08 + b04)
Normalized Difference Vegetation Index red-edge (8a/5) 20 (b8a− b05) / (b8a + b05)
Normalized Difference Vegetation Index red-edge (8a/6) 20 (b8a− b06) / (b8a + b06)
Normalized Difference Vegetation Index (8a/7) 20 (b8a− b07) / (b8a + b07)
Normalized Burn Ratio (8a/11) 20 (b8a− b11) / (b8a + b11)
Normalized Burn Ratio (8a/12) 20 (b8a− b12) / (b8a + b12)
3. Method
3.1. Burned and Unburned Pixel Sample Collection
For each pair of site images (Table 1) unambiguous pixel samples that were unburned in the
first acquisition and burned in the second acquisition at the same geographic location were selected
(termed for brevity unburned-burned class samples). In addition, to act as a control, unambiguous
pixel samples that were unburned in the first and second acquisitions at the same geographic location
(termed for brevity unburned-unburned class samples) were also selected. The control pixel locations
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were different to the unburned-burned pixel locations but were selected nearby and over the same first
acquisition vegetation types. The MSI spectral band (Table 2) and spectral index (Table 3) values were
extracted at the selected pixel locations.
The burned and unburned pixel sample selection was undertaken interactively by an experienced
geospatial analyst. True color 10 m (b04, b03, b02) and false color 20 m (b12, b11, b8a) TOA reflectance
images for the two acquisitions were displayed. Image-processing software that allowed zooming,
local contrast stretching, and rapid image comparison was used. The use of two date image pairs
provides several interpretative advantages over single date data. It ensures that burned areas that
occurred before the first acquisition date are not mistakenly mapped as having burned between the
two acquisition dates, reduces the likelihood of spectral confusion with spectrally similar surfaces (e.g.,
water bodies or dark soil), and allows relative changes to be assessed [27,50,51]. Only pixels that were
judged visually to be unaffected by cloud, optically thick smoke or haze, and that were shadow free
were selected. In addition, to reduce burned area edge effects and the impact of any multi-temporal
image misregistration, only pixels that were more than 20 m from a burned area edge were selected.
To reduce the mapping effort, particularly in the sites containing large numbers of small and spatially
fragmented burns, a minimum mapping unit of 60 m was adopted, whereby only burned areas with
small axis dimensions of 60 m or greater were selected. To ensure the samples from both 10 m and
20 m spatial resolution images were for approximately the same locations, the geographic coordinates
of the 20 m sample pixels were extracted first and then reconciled to the 10 m images. At each site, the
unburned to burned class and the unburned to unburned class sample sizes were purposefully set to
be similar. More than 8000 10 m and 2000 20 m samples were selected at each site (Table 4).
Table 4. Number of pairs of unburned (first image acquisition) to burned (second image acquisition)
pixel samples and number of pairs of unburned (first image acquisition) to unburned (second image
acquisition) pixel samples at 10 m resolution selected at each site. The total summed pixel areas in km2
are shown in parentheses.
Site Location Unburned to Burned Unburned to Unburned
Australia, Northern Territory,
near Fish River Block Gorge National Park 8056 (0.81) 8612 (0.86)
Cambodia, Kratié region, near Snoul 8072 (0.81) 8360 (0.84)
Canada, Alberta, Fort McMurray 15,692 (1.57) 14,124 (1.41)
Guinea, Faranah Prefecture, Parc National du Haut Niger 8616 (0.86) 8428 (0.84)
Colombia, Casanare Department, northern side
of the Rio Cravo Sur river 8316 (0.83) 10,384 (1.04)
3.2. Statistical Separability Analysis
Parametric and non-parametric statistical measures were used to quantify the unburned-burned
class separability for the different MSI bands (Table 2) and for the different spectral indices (Table 3)
at each of the five sites. As a control, the unburned-unburned class separability was also quantified.
The MSI bands and spectral indices with higher unburned-burned separability were considered
more suitable for burned area mapping, particularly if their separability was greater than the
unburned-unburned class separability.
3.2.1. Parametric Separability Analysis
The parametric transformed divergence (TD) separability measure was used. The TD is a
commonly used measure that is bounded between values of 0 (no separability) and 2 (completely
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separable) [52]. It provides a covariance weighted distance between class means to determine whether
class signatures are separable as:
TD = 2
[
1− exp
(
−D
8
)]
,
D =
1
2
tr
[
(C1 − C2)
(
C−11 − C−12
)]
+
1
2
tr
[(
C−11 − C−12
)
(µ1 − µ2) (µ1 − µ2)T
] (1)
where TD is the transformed divergence between class 1 and class 2, C1 is the covariance matrix of
class 1, µ1 is the mean vector of class 1, tr is the matrix trace function, and T is the matrix transposition
function. In this study, class 1 was defined by the unburned pixel samples from the first image
acquisition and class 2 was defined by the corresponding burned samples from the second image
acquisition (i.e., unburned-burned pairs). For the control group, classes 1 and 2 were defined from
the unburned pixels from the first and second image acquisitions (i.e., unburned-unburned pairs).
The rationale of the TD is to define the separation between two normal distributions (characterized
by their mean vectors and covariance matrices), but most metrics used do not follow a Gaussian
distribution [53]. In this respect, the TD is only indicative in cases of normality, or when classifiers
based on the assumption of normality (e.g., maximum likelihood) are used. Consequently, the
Shapiro-Wilk normality test [54] was used to assess if the unburned and burned pixel values were
normally distributed. There are several normality tests but the Shapiro–Wilk test is considered to
be reliable [55,56]. The test is best applied with small sample size less than 5000 and with a test
null-hypothesis that the sample is drawn from a normally distributed population [57]. As there were
typically more than 5000 unburned or burned pixel values at each site (Table 4) the Shapiro-Wilk test
p-value was computed independently ten times, each time drawing 1000 values at random. This was
undertaken for the unburned (first image acquisition) and burned (second image acquisition) pixel
samples at each site and for each MSI band (Table 2) and spectral index (Table 3).
3.2.2. Non-Parametric Separability Analysis
In the last decade, the satellite land cover classification research community has moved away from
the use of probability distribution classification approaches in favor of non-parametric approaches [58].
In particular, decision trees, and variants such as random forest, have attracted considerable attention
as they can accommodate non–monotonic and nonlinear relationships between predictor variables
and make no assumptions concerning the statistical distributions of the variables [59,60]. They also
provide measures of the relative importance of the predictor variables in explaining the classification.
However, decision tree and random forest predictor variable importance measures are inappropriate if
the predictor variables are correlated [61,62], which certainly is the case for the different MSI bands
and derived spectral band ratios considered in this study.
A bagged decision tree classification of the class samples was undertaken considering each MSI
band and spectral index independently. Two hundred decision trees were grown, each time using
20% of the training samples selected randomly with replacement. After each tree was generated,
the remaining “out-of-bag” 80% was classified with the tree and the classified “out-of-bag” results
were stored as a vector of class labels. The majority class label over the 200 vectors was assigned
as the classification result for each unique “out-of-bag” sample. These data were used to generate a
two-way confusion matrix and conventional overall accuracy and Kappa measures were derived from
the confusion matrix [63].
The overall accuracy (oa) is defined as the proportion of the pixels that are classified correctly and
is calculated as:
oa = ∑
Xii
n
(2)
where Xii is the element in row i and column i in the confusion matrix, and the confusion matrix is
defined as a cross-tabulation of the counts of correctly classified and misclassified classes as Table 5:
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Table 5. Cross-tabulation of the counts of correctly classified and misclassified classes.
Reference Data
Class 1 Class 2
Classified Data
Class 1 X11 X12
Class 2 X21 X22
where n is the total number of samples classified n = X11 + X12 + X21 + X22. The Kappa coefficient
quantifies (under certain sampling assumptions) how much better, or worse, the classifier is than
would be expected due to random chance and is bounded from 0 (very poor classification) to 1 (perfect
classification) and is calculated as:
κ =
p0 − pe
1− pe (3)
where p0 is accuracy of observed agreement defined as ∑
Xii
n , pe is the estimate of chance agreement
defined as ∑Xi + X + in2 , where Xi+ is the sum of row i, and X+i is the sum of column i in the confusion
matrix. As for the TD separability analysis, these measures (Equations (2) and (3)) were derived with
class 1, defined by the unburned pixel samples from the first image acquisition, and class 2, defined by
the corresponding burned samples from the second image acquisition (i.e., unburned-burned pairs),
and then again, as a control, considering classes 1 and 2 as the unburned pixels from the first and
second image acquisitions respectively (i.e., unburned-unburned pairs).
4. Results
Figure 1 illustrates the mean reflectance and spectral index values of the unburned (first image
acquisition) and burned (second image acquisition) pixel samples at each site. As discussed in the
introduction, the impact of burning is predominantly to reduce NIR and SWIR reflectance. Among
the spectral indices the NBR index derived from bands 8a and 12 (denoted b8a/12 in Figure 1) has
the greatest mean unburned to burned reduction. Among the four NDVI band variants the greatest
reductions occur for the 10m NDVI band (denoted 8/4 in Figure 1). These results should be treated
with some caution as although a large number of pixels were considered (Table 4, middle column)
the burned and unburned data were not normally distributed. This is illustrated in Figure 2 which
shows the results of the Shapiro-Wilk normality tests. Only the unburned NDVI red edge band values
(denoted 8a/6 and 8a/7 in Figure 2) for the Australia and Canada sites were significantly normally
distributed, and only the burned NDVI red edge band derived from bands 8a and 7 for the Australia
and Cambodia sites were significantly normally distributed.
The pattern of results in Figures 1 and 2 was similar for the atmospherically corrected (i.e.,
surface reflectance) data. To illustrate the effect of atmospheric correction, and provide context for the
separability results, Figure 3 shows TOA and surface reflectance for the second image acquisition near
Fort McMurray, Alberta, Canada, illustrating true color 10 m (b04, b03, b02) and false color 20 m (b12,
b11, b8a) TOA and surface reflectance. The impact of the atmospheric correction is most apparent
comparing the true color TOA reflectance (a) and surface reflectance (b). The atmospheric correction
increases the true color image spatial contrast and reduces the blue appearance, which is expected
from comparable Landsat atmospheric correction experiments [64,65]. The distinct smoke plume
is not well corrected, which as noted earlier is a problem for most atmospheric correction methods.
The impact of the atmospheric correction is visually less apparent in the longer wavelength false
color bands, i.e., comparing (c) and (d), which is expected as atmospheric effects are smaller at longer
wavelengths [65,66]. The false color longer wavelength bands are more sensitive to the effects of fire on
vegetation and consequently the extensive burned area in the east side of the image has more contrast
with the surrounding unburned vegetation than is apparent in the true color images. These qualitative
results illustrate the need for careful band selection for burned area mapping.
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With regard to the unburned to unburned control pixels, the separability for each band and
spectral index is generally quite low. This is expected because the images were acquired 10 or 20 days
apart and so change in the surface condition (e.g., vegetation state and soil moisture changes) at the
unburned pixel locations is likely to be small. With regard to the unburned to burned pixels, a clear
TD separability pattern among the different bands and indices is evident. This pattern is similar to
the decision tree classification results. As noted previously, the TD is indicative of class separability
if probability distribution classification approaches (i.e., maximum likelihood) are used and if the
data are normally distributed. As the data are not normally distributed (Figure 2), the decision tree
kappa and overall accuracy results provide a more precise depiction of class separability, and these are
discussed below.
Figures 6 and 7 illustrate the decision tree separability results for the TOA and the SEN2COR
atmospherically corrected data respectively. In these two figures the overall accuracy and kappa values
are very similar (across the ten bands and six indices the values are highly correlated with r > 0.98
for both the illustrated TOA and surface reflectance results). The surface unburned-burned kappa
and overall accuracy values are always higher than the control unburned-unburned equivalent values
(Figure 7) which is expected. This is also the case for the TOA results (Figure 6) except for the blue
band over Australia, due to strong atmospheric effects in the shortest wavelength blue band.
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8a/5 in Figures 6 and 7). The other two NDVI implementations are defined at 20 m (b8a/6 and b8a/7)
and have relatively lower separability, perhaps because they have the closest wavelength separation
between their red and NIR bands. Among all the sites there is no clear pattern comparing the TOA
and surface reflectance derived NDVI separability values. This in part is because the impact of the
atmosphere on NDVI varies as function of the background red and NIR reflectance; with typically a
greater increase in NDVI when imagery is atmospherically corrected over vegetated rather than over
soil dominated surfaces [65]. The two 20 m NBR indices (denoted 8A/11 and 8A/12 in Figures 4–7),
like the NDVI, have variable among site separability values. However, for all the sites, the NBR
implementation derived from b08 and b12 provides comparable or higher separability than the NDVI
values and supports the broad adoption of the NBR for burned area mapping.
5. Discussion
This study provides an evaluation of the effectiveness of individual Sentinel-2A MSI bands and
spectral indices for discriminating burned areas. It supports the findings of previous studies that the
NIR provides high burned-unburned discrimination in a variety of ecosystems including, for example,
boreal forest [23,78,79], savanna [23,75,80] and temperate forest [36]. As observed in other studies, the
visible bands provide low burned-unburned discrimination [23,75,81,82]. This is primarily because
the visible reflectance spectra of non-photosynthetic vegetation is similar to the spectra of burned
vegetation and also to soil that may be revealed post-fire [12,21,83]. Few studies have considered the
red-edge wavelength region for burned area mapping because it is not present on sensors commonly
used for fire monitoring. The two MSI red-edge bands demonstrated relatively high burned-unburned
discrimination and this was previously observed using Medium Resolution Imaging Spectroradiometer
(MERIS) data [84]. Given the performance of the Sentinel-2 MSI red edge bands, which will also be
present on the Sentinel-3 Ocean and Land Colour Instrument (OLCI) sensor [74], the results of this
study suggest they could be combined, for example, by an efficient model inversion [85].
The performance of the NDVI and NBR spectral indices considered in this study was not generally
comparable with the better performing spectral bands in the sense that the spectral index separabilities
were more variable among the five sites. The majority of previous studies concerning the suitability
of spectral indices for burned area mapping have been specific to a given biome or land cover
type. As stated in [71,86] (boreal forest), [77] (savanna), [87] (grass-shrub), the performance of NDVI
is limited by vegetation senescence or growth, and the NDVI has been shown to provide poor
discrimination in savannas [75–77]. The NBR was developed originally for burned area mapping [33],
and not for satellite-based assessments of fire/burn severity although it is used widely for this
purpose [88–91]. The MSI NBR provided comparable or higher separability than the NDVI and the
NBR has been observed by others to provide high burned-unburned discriminative capability, e.g., [33]
(mediterranean forest), [34] (boreal forest), [80] (savanna), [92] (heathland). The reported separabilities
for the spectral indices were likely more variable among the five sites than for the individual bands
because the spectral indices combine bands from spectral regions with different sensitivities to factors
including the vegetation type and condition, the soil background, atmospheric contamination, and the
degree of char and ash deposition [14]. Therefore, caution in the interpretation of the exact cause of
the different separability results is necessary, particularly given the complexity of the post-fire surface
trajectory discussed in the introduction.
This study only considered the effectiveness of individual Sentinel-2A MSI bands and spectral
indices for discriminating burned areas in a radiometric sense. Further work to consider the relative
advantages of the 10 m bands, particularly the 10 m NIR band, for improved spatial resolution burned
area mapping is recommended, although we note that the 20 m and 10 m bands have different
wavelengths and so are not directly comparable. Burned area mapping algorithms usually take
advantage of the discriminative power of multiple spectral bands, for example, by thresholding
spectral indices. In this study, we reported separability analyses in the conventional manner with
respect to single indices and bands. This provides meaningful insights into which individual indices
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and bands are appropriate for burned area mapping. The effective use of multiple bands and/or
indices for burned area mapping is dependent on the algorithm used. The design of algorithm-specific
experiments is beyond the scope of this study, but is a recommended subject for future research.
The unburned and burned MSI reflectance and derived spectral index values were generally
not normally distributed indicating that parametric separability measures, such as the transformed
divergence or the Jeffries-Matusita distance [52], are less appropriate for analyses of the sort reported
in this study. The decision tree based non-parametric separability approach that we used is
straightforward and easily implementable. However, issues related to the unburned and burned
sample data collection, the atmospheric correction, and the global representativeness of the image data
used, may reduce the generality of the reported findings. The sample data were collected through
interactive visual interpretation of two date image pairs. Only unambiguously burned and unburned
pixels were collected. Albeit unlikely, it is not possible to exclude the presence of misinterpreted
samples. This is difficult to avoid and quantify, but given the large sample sizes this issue is not
expected to be significant. The sample data were collected in images unaffected by strong atmospheric
contamination. Furthermore, the SEN2COR atmospheric correction may have its own limitations.
Therefore, the findings are less likely to be representative of particularly smoke or atmospherically
contaminated Sentinel-2 MSI data. Finally, the collection of moderate resolution image pairs in a
statistically robust way that represent global fire conditions is subject to ongoing research [51]. It is
unknown if the study findings would be significantly different if the analysis was undertaken using
more sites and image pairs acquired at different times in the local fire season.
6. Conclusion
Spectral separability analysis was undertaken to examine the ability of Sentinel-2A MSI data to
detect fire-induced spectral change, which is both a challenging and an important task for burned
area mapping. It is evident that Sentinel-2A MSI data can provide spectral differentiation between
unburned and burned classes. The NDVI derived from the 10 m and 20 m red and NIR bands, and the
NBR derived from the 20 m NIR and SWIR bands, provided variable discriminative ability. Individual
20 m NIR, red-edge, and SWIR bands were most sensitive to the change in reflectance caused by
fire. These findings are similar to other studies undertaken using different sensors and data. To date,
burned area mapping has been undertaken over large areas using coarser than 20 m resolution data.
The findings reported in this study suggest the potential and need for further research to develop a
systematic Sentinel-2A MSI 20 m burned area mapping capability.
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